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Figure 1: Schematic diagram for CEP Iearninp, with a newly added hidden unit (ri+ 1), Illank circles and squares
respectively are the weight components that are to be obtained by i[erative lcanlills, and calculations. Filled circles
and squares similarly are the respective weights already obtainecl b> iterative Ieamirl!  and calculations.
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CXher  notations are defined as follows: ]~~0 clenotes  the weig}~t vector between rlmvly added hidden unit H+ 1 and

the output o; ~fh is the weight vectcm  between inpul units (original inpul and previous hidden units) and aL

Ep = fp – o: (H) denc)tes the error for an output index o and training pattern pnewly added hidden unit; * *

between target [ and the actual output o(n) with n hidden units in tile r)etwork; j’ ~ 07) denotes the derivative of

the output transfer function with respect to its input for arl output il]dex o and the training pattern  p; .Lp(n+ 1)

denotes the transfer function of hidden urtit n I 1 for a trairling  pat[crn p; arlcl XP derlotes  the input vector with

number of patterns p.
l’hc energy function is defrr~ed as:

The difference of energy between the nctwcrk  with n hidden units and that with rl+ 1 hiclden units is obtained as:
m

AF= 1;()?)- i?()?+-  1)= ~{+;o~,[. f’: yh’(n-l  1)]2 + ?M’,,o~[F.:.f’:.  f:(H+l)l}
“, I p = I p, I

where who.fh’  (~~ 1) k small. This assumption is needed for nc)nlinear transfc)r[natior] function only. one can

derive the maximum energy reduction of the circuit fron) n hidderi units to n+ 1 hidden units with respect to W’AO
as:
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/’ n,

max{(AE),,rhfl}  = ~ ~ {E; f’: .fi,p(~ + 1)} provided, M,,,, ~= $1- -– -- -------–-———— (1)
{G I (). I

X[.fu .L:(~+ 1 ) ]2

pz 1



Let us define the vector:
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We can, therefore, rewrite equation (1) using matrix notiition  as follows:

Max~~:=m]’7’j~(n-tl) (~)

From (1) and (?), the energy  reduction is depcl~de.rrt on a c.orrelatio]l between I atlcl ]; (n +- ]) The idea now is to

modify ~h (n -1 1) by training to obtain as good a match with ~ as possible bcfble the next hidden unit is added.

T’o  obtain this match, any of the tectlrriques, e.g. perception learning with g,raciicnt  dcscellt, rnaxirnum  correlation,
covariance with gradient ascent conjugate Qradien[,  or Newton’s second order methcd may be used, Unlike easeade

‘s’ h~wever, or~~v  the weights Wi~ are to be Iearrled htre.correlation (CC) technique , That done, L is known, and
hence w~o can be calculated from Eqn. (Ij. “1’here&e, the learning network

\carIlin: technique chosen for matching the erlor  surfaces I‘ and ~~ (H -E ]) . If

can be rewritten as:

A~= ~ {.fh’(n +  D;$U! - o:(H))}
p. I o-

pcrformance reallj; depends on the

wf let j’ ~ (H) = 1; then Eqn. (2)

(3)

~’bus, equation (~) is a specia] case of t}]e g,erler-ai  forn]L,lation  of },qr,. (2), Whcr]  onc rllaxinlizes  AE in Dqn. (~),
then one obtains the (’C learning algorithm,

] \r Cascade ]trror Projection Learnino  Algorithnt  and sin]ulation..— .—.— . . . . k.....  L -— __ --..—. — .——.

(1) Le(irttitlg rrpproach:— . — .
From E;qn. (2), a new energy function is clefined  as:

a’(l?+ 1) =’ $y:(n+ 1)- -$(f;--o;’)y’g  }2

p= I m ,,, I
‘l’he weight updates between the inputs (including the weif,hts by cspanded inputs) ancl the new,ly added hidden unit
arc calculated as follows:

&J)(~+ 1)
Awj(ni-]) = –q—.—. .-—

h$(n-i  1)








